Alu retrotransposons account for more than 10% of the human genome, and insertions 3 3 of these elements create structural variants segregating in human populations. Such 3 4
polymorphic Alu are powerful markers to understand population structure, and they 3 5 represent variants that can greatly impact genome function, including gene expression. 3 6
Accurate genotyping of Alu and other mobile elements has been challenging. Indeed, 3 7
we found that Alu genotypes previously called for the 1000 Genomes Project are 3 8 sometimes erroneous, which poses significant problems for phasing these insertions 3 9
with other variants that comprise the haplotype. To ameliorate this issue, we introduce a 4 0 new pipeline --TypeTE --which genotypes Alu insertions from whole-genome 4 1 sequencing data. Starting from a list of polymorphic Alus, TypeTE identifies the 4 2 hallmarks (poly-A tail and target site duplication) and orientation of Alu insertions using 4 3 local re-assembly to reconstruct presence and absence alleles. Genotype likelihoods 4 4 are then computed after re-mapping sequencing reads to the reconstructed alleles. 4 5
Using a 'gold standard' set of PCR-based genotyping of >200 loci, we show that 4 6
TypeTE improves genotype accuracy from 83% to 92% in the 1000 Genomes dataset. 4 7
TypeTE can be readily adapted to other retrotransposon families and brings a valuable 4 8 toolbox addition for population genomics. To address these issues, we have developed a new bioinformatics pipeline, TypeTE, 1 3 7 which improves the genotyping of pMEIs located by other tools using whole genome 1 3 8 resequencing data. Our method is based on the accurate recreation of both the 1 3 9 presence and absence of pMEI alleles before the remapping of reads for genotyping. 1 4 0
We benchmarked TypeTE with both low-and high-coverage data [(1000 GP phase 3 1 4 1 (Sudmant et al. 2015) and Simons Genome Diversity Project, (SGDP) (Mallick et al. 1 4 2 2016) respectively] and show, based on a collection of more than 200 PCR-based 1 4 3 genotyping assays, that our method significantly improves genotype quality. In addition, 1 4 4
we applied TypeTE to all polymorphic Alu insertions discovered in 445 human samples 1 4 5 1 3
were previously genotyped by PCR in 14 South Asian samples present in the SGDP 2 6 7 dataset (Watkins et al. 2003) . Primers around each Alu insertion were selected using 2 6 8
Primer3 (Untergasser et al. 2012) . PCR amplification was performed using three-step 2 6 9 PCR (initial denaturation: 94 o C, 3'; (94 o C, 15''; 60 o C, 15''; 72 o C, 30'') for 30 cycles; final 2 7 0 extension 72 o C, 5') in 1X PCR buffer (10mM Tris, pH 8.3, 50mM KCl, 1.5 mM MgCl2) 2 7 1 with 200 uM dNTPs, 10 pmol each primer, and 1U Taq polymerase. Annealing 2 7 2 temperature was adjusted for each primer set. DMSO (5-10%) was used to improve 2 7 3 amplification for some loci. Effect of genotype corrections on the Alu insertion discovery 2 7 6
In some cases, new genotyping changed the presence/absence status of an Alu 2 7 7 insertion for a given genome. We define a false positive (FP) as a case in which an Alu 2 7 8 copy is called present, either homozygote or heterozygote in one sample, while the 2 7 9 PCR reported it absent. A false negative (FN) is recorded when an Alu is called absent 2 8 0 (homozygote absent ) while it is called as either homozygote present or heterozygous 2 8 1 by PCR. True positive (TP) and true negative (TN) are the same calls 2 8 2 (presence/absence), respectively, being validated by PCR. For each dataset and 2 8 3 method, we calculated the sensitivity (ability of the method to discover a MEI: 2 8 4 TP/(TP+FN)), the precision (or positive predictive value: TP/(TP+FP)) as well as the F1 2 8 5 score as described by Rishishwar et al (Rishishwar, Mariño-Ramírez, and King Jordan 2 8 6 2016), which corresponds to the harmonic mean of sensitivity and precision and 2 8 7 summarizes the overall performance of each method. The mappability scores are downloaded for the GRCh37/hg19 version of reference 2 9 1 assembly for 100mers 2 9 2 (ftp://hgdownload.soe.ucsc.edu/gbdb/hg19/bbi/wgEncodeCrgMapabilityAlign100mer.bw 2 9 3
). The downloaded file is processed (Kent et al. 2010) and is converted to bed format 2 9 4 (Neph et al. 2012) . These data are stored in an indexed mysql table. The mappability 2 9 5 scores for genomic regions in the flanking region (+/-250bps) of the predicted Alu 2 9 6 breakpoint for non-reference insertions and flanking region (+/-250bps) of the reference 2 9 7
Alu insertions are extracted from the table, and the mean of the mappability scores is 2 9 8 recorded in a dedicated table and is provided with the output files. The average read depth at genomic regions in the flanking region (+/-250bps) of the 3 0 2
predicted Alu breakpoint for non-reference insertions and flanking region (+/-250bps) of 3 0 3 the reference Alu insertions is calculated using samtools (Version: 1.4.1). Only reads 3 0 4
with a mapping quality of 20 or more (mapped with > 99% probability) and bases with a 3 0 5 quality of 20 or more (base call accuracy of > 99%) are counted. In order to assess how genotype quality affects common population genetics summary 3 0 9 statistics, we computed the per locus inbreeding coefficient (Fis) for the loci assayed by 3 1 0 PCR. F is is a common metric used in population genetics to assess the excess (F is < 0) 3 1 1 or the depletion (F is > 0) in heterozygotes relative to the expected genotypes proportion 3 1 2 at Hardy-Weinberg equilibrium. Allele frequencies were calculated using the genotypes 3 1 3 produced by each method (1000 GP, MELT2, TypeTE and PCR) as follows:
with H exp = 2pq, p = presence allele insertion frequency, q = (1-p) H obs is the observed 3 1 6 number of heterozygotes. 3 1 7 3 1 8
All statistical analyses were carried out with R version 3.5.1 (R Core Team 2018). compared them to an assembled collection of 108 non-reference and 43 reference loci 3 2 7 genotyped by PCR ( Figure 2A and Table 1 ) in 42 individuals (see methods). To ensure 3 2 8 accuracy in genotyping validations, PCR assays were performed using all (30) trios of 3 2 9 the CEPH CEU, and in all cases, no Mendelian errors in the transmission of alleles from 3 3 0 parents to offspring were seen (see methods). Presence of both "empty" and "filled" 3 3 1 alleles (with and without Alu) were confirmed by the presence of bands of expected size 3 3 2 in the agarose gel electrophoresis and in most cases with Sanger sequencing. Upon 3 3 3 comparing the genotype predictions to PCR assays, we found that the 1000 GP phase 3 3 4 3 release had an overall concordance rate with the PCR (total number of prediction 3 3 5 identical to the PCR generated genotypes/ total number of predictions) of 83.31% 3 3 6 (3649/4380) for non-reference Alu insertions and 80.72% (1248/1590) for reference 3 3 7 insertions. is to recreate the most accurate sequences for the two alleles of each insertion 3 5 0 (presence and absence). TypeTE currently uses a VCF file such as produced by a TE 3 5 1 discovery tool such as MELT to locate each individual TE insertion. The pipeline then 3 5 2 performs an independent analysis of each predicted locus and collects the information In order to assess the accuracy of the predictions made by TypeTE, we ran the pipeline 3 6 2 on a subset of 445 individuals of European and African ancestry included in the 1000 3 6 3 GP dataset (see Material and Methods). These samples were selected because they 3 6 4 are both represented in the 1000 GP (WGS) and GEUVADIS (RNA-seq) datasets, 3 6 5 allowing functional analyses of pMEIs. We also compared the performance of TypeTE 3 6 6 with a recent version of MELT (version 2.1.4, abbreviated as MELT2) using the 3 6 7 packages MELT-discovery and MELT-deletion on the same sample. TypeTE and 3 6 8 MELT2 genotypes were then compared to 108 non-reference and 43 reference insertion 3 6 9
for which we have collected or generated PCR genotypes. With non-reference 3 7 0 insertions, MELT2 shows increased concordance with the PCR compared to the original 3 7 1 1000 GP calls, with 87.95% (vs 83.31%; +131/4298 3 7 2 accurate genotypes) of the predicted genotypes matching the experimental results. 3 7 3
TypeTE further increases the concordance of the genotype prediction, achieving a rate 3 7 4 of 92.14% (+325/4313 3 7 5
accurate genotypes compared to original 1000 GP release). For reference insertions, 3 7 6 MELT2 had a lower concordance than the original 1000 GP predictions, with only 71% 3 7 7 (vs. 80.72%; -374/1504 genotypes) of the genotypes matching the PCR results, while 3 7 8
TypeTE achieved 91.56% concordance (+ 141/1575 genotypes). Note that the total 3 7 9 number of genotypes considered correspond to the total number of predictions available 3 8 0 and doesn't take into account here the missing genotypes.
3 8 1
We further tested the genotyping performance of MELT2 and TypeTE with the SGDP 3 8 2 (Mallick et al. 2016) data, which benefits from a higher depth of coverage than the 1000 3 8 3 GP data (42x vs 7.4x). We tested the concordance of the predicted genotypes with 67 3 8 4 reference and 9 non-reference Alu loci in 14 individuals previously genotyped by PCR 3 8 5 (Watkins et al. 2003 ). MELT2 has a concordance rate of 70.13% for reference loci while 3 8 6
TypeTE matches the PCR results for 91.01% of the predicted genotypes (+181 correct 3 8 7 genotypes; Figure 3 and Table 1 ). Finally, for the 9 non-reference loci that were 3 8 8 experimentally genotyped, the concordance rate is 78.57% for MELT2 and 94.44% for 3 8 9
TypeTE (+ 20 correct genotypes). 3 9 0 3 9 1 <FIGURE3> 3 9 2 3 9 3
In order to analyze in detail, the genotyping performances of each method, we 3 9 4 calculated the concordance rate by genotype category (0 or (0/0): homozygote absent, 3 9 5 1 or (0/1): heterozygote, 2 or (1/1): homozygote present) corresponding to the percent 3 9 6 of correct genotypes in one category to the total number of calls for this category ( Table  3  9  7 1). Additionally, we report the percentage of unascertained loci (NA genotypes) for each 3 9 8 method. We then investigated how the concordance between predicted and PCR genotypes is 4 0 6
distributed across loci and individuals by calculating the average concordance rate at 4 0 7 each locus (total number of correct genotypes at a locus / total number of individuals 4 0 8 with a predicted genotype). Regardless of the genotype category (reference / non-4 0 9 reference), TypeTE has a higher average concordance rate per locus, as well as lower 4 1 0 variance for this value, than the other methods ( Figure 4 ). The greatest improvement 4 1 1 was when the genotypes of reference insertions were compared to MELT2, where the 4 1 2 concordance rate of TypeTE is always significantly higher (Tukey's HSD, P < 0.05). For each locus assayed by PCR in the 1000 GP dataset, we also examined whether the 4 1 7 mappability and local read coverage affect genotyping predictions for TypeTE. We do 4 1 8 not find a significant correlation between genotype concordance and the mappability 4 1 9 score (0.1 -1) computed in a 500-bp window around the MEI breakpoints 4 2 0 Figure S3 . Pearson's product-moment correlation, r = 0.20, P = 0.281 4 2 1 for non-reference loci and r = 0.13, P = 0.414 for reference loci). We also found that the 4 2 2 average depth of coverage for a given locus (4.69 X -10.01 X) is not correlated to 4 2 3 genotyping concordance for both reference (r = 0.12, P = 0.4538) and non-reference 4 2 4 insertions (r = -0.01, P = 0.957) (Supplementary Figure S4 ). We conclude that at least 4 2 5 for the loci tested by PCR, the level of repetitiveness of the flanking sequence of 4 2 6
individual Alu insertions and the local read depth do not appear to influence the 4 2 7 genotyping performance of TypeTE. 4 2 8 4 2 9 4 3 0
Effect of genotype corrections on variant discovery 4 3 1
Different methods can assign different genotypes for some loci due to the inherent 4 3 2 differences in their approach or due to locus specific features. For example, a 4 3 3 heterozygous locus for the presence of Alu can be genotyped either as homozygous 4 3 4 presence or absence by different methods. We first converted the genotypes into 4 3 5 presence/absence calls in order to assess sensitivity, precision (positive predictive 4 3 6 value), and the overall detection accuracy, summarized by the F1 score (harmonic 4 3 7 mean of sensitivity and precision, see Material and Methods) for each method 4 3 8
considering PCR results as true genotypes. TypeTE received the highest F1 score in 4 3 9 each dataset (1000 GP or SGDP) and for both types of insertion (reference or non-4 4 0 reference) ( Fig 5) . The small number of loci tested for the SGDP-non-reference dataset 4 4 1 (n = 9) did not allow us to find significant differences between the methods; however, we 4 4 2
show that the increased F1 score of TypeTE with the 1000 GP-non-reference loci is due 4 4 3 to a significant increase of the sensitivity compared to the other methods. Interestingly, 4 4 4 the higher F1 score of TypeTE with reference insertions (both for the 1000 GP and 4 4 5 SGDP datasets) is, in these cases, due to significantly higher precision (TP/(TP+FP)). estimates of F is are centered at 0, MELT2 and 1000 GP genotypes suggest a clear 4 5 7 deviation of most loci from Hardy-Weinberg equilibrium ( Figure 6 ). We note that 4 5 8 estimates of the F is are more variable using the SGDP data, which can be explained by 4 5 9 its smaller sample size and a higher population subdivision (e.g. castes) than the 1000 4 6 0 GP dataset. To discover factors specific to each dataset that influence genotype prediction, we 4 6 7 compared the results obtained in the 1000 GP dataset (average depth of 7.4 X) with the 4 6 8 results from analysis of the SGDP (average depth of 42X) to the respective PCR 4 6 9
genotypes. The provenance of the dataset does not influence the variant discovery 4 7 0 abilities of MELT2 and TypeTE (Supplementary Figure S5) . However, we observe that 4 7 1 the percentage of unascertained loci differs between the 1000 GP and SGDP datasets. Combining reference and non-reference pMEI, our analysis indicates that 82% of the 4 9 1 genotypes reported by the 1000 GP are consistent with the PCR assays which we 4 9 2 consider the 'gold standard' and wherein accuracy was evaluated by comparing 4 9 3 duplicate samples and verifying the absence of Mendelian errors in related individuals. 4 9 4
This estimate of genotyping accuracy is much lower than a previous estimate of 98% 4 9 5 based on long (250bp) Illumina reads (Sudmant et al. 2015) . Genotypes reported by the 4 9 6 1000 GP were estimated using the first version of MELT for non-reference loci, but 4 9 7 genotyping methods developed for other structural variation (indels, inversions, etc.) 4 9 8
were used for reference insertions. While MELT2 appears to offer a noticeable 4 9 9 improvement over its first version for genotyping non-reference pMEI, its overall 5 0 0 genotyping performance is diminished when applied to reference loci, with genotyping 5 0 1 errors reaching more than 20% in based on our PCR assays. For both categories of 5 0 2 loci, most errors are caused by the underestimation of homozygous genotypes carrying 5 0 3 the alternative allele relative to the reference genome (Table 1) . We note that for non-5 0 4 reference insertions, MELT's genotyping algorithm benefited from improvements 5 0 5 deployed in the version tested (v2.1.4) compared to its original release, in particular to 5 0 6 detect homozygous insertion (1/1). However, this increased sensitivity to detect pMEI 5 0 7 alleles from read alignments seems to be accompanied by a reduced power to detect 5 0 8 "absence" alleles for reference insertions (MELT-deletion module). Such errors are 5 0 9 consequential for population genetics analysis because they lead to inaccurate 5 1 0 estimation of population genetics parameters. For example, calculation of the 5 1 1 inbreeding coefficient (F is ) shows that the original release of the 1000 GP genotypes 5 1 2 was overestimating heterozygotes, leading to negative and likely inaccurate values of 5 1 3 F is (Figure 6 ). Genotypes obtained with MELT2 improve these estimates for non-5 1 4 reference insertions, but the results appear less accurate when computed from a small 5 1 5 sample and they are more inaccurate for reference insertions. These issues underscore 5 1 6 the need for a tool dedicated to the genotyping of pMEI. 5 1 7 5 1 8
Toward this goal we developed TypeTE and applied it to genotype both reference and 5 1 9 non-reference Alu insertions. Our benchmarking data show that TypeTE has an 5 2 0 average concordance rate of 91% or greater with PCR-based genotyping. Importantly, 5 2 1
TypeTE maintains a genotyping accuracy greater than 84% under all genotyping 5 2 2 scenarios. While TypeTE performs better than MELT v1 (1000 GP) and MELT2 for non-5 2 3 reference insertions, the most significant improvement is for reference insertions. In 5 2 4 particular, the genotypes predicted by 1000 GP and MELT2 never reached more than 5 2 5 41.8% concordance with the experimental results when the PCR called a homozygote 5 2 6 absence (0/0); by contrast, TypeTE predicted these genotypes with more than 87% 5 2 7
concordance in the two datasets tested (1000 GP and SGDP). Consequently, 5 2 8 calculation of F is based on TypeTE genotypes shows better concordance with that 5 2 9
based on PCR-derived genotypes, and fits the neutral expectation as we observe no 5 3 0 deviation from Hardy-Weinberg equilibrium for a single human population (Hosking et 5 3 1 al., 2014). The principal difference between TypeTE and MELT derives from characteristics of the 5 3 4
actual data on which the genotyping is performed. While both methods implement the 5 3 5 core genotyping algorithm described by Li (H. Li 2011), TypeTE relies on a strategy 5 3 6
based on re-alignment of the reads against both presence and absence alleles before 5 3 7 computation of the genotype likelihoods, an approach initially introduced by Wildschutte on which most discordant mates align in the assembly. Here, we show that 5 5 0 reconstruction of alternative alleles (either by local assembly or consensus-based) --a 5 5 1 major difference with MELT --significantly improves the accuracy of Alu genotyping. 5 5 2
Finally, TypeTE predicts the TSD accompanying each insertion and the pMEI 5 5 3 orientation, which ensures optimal reconstruction of the two alleles. Collectively these 5 5 4
implementations enable TypeTE to generate highly accurate Alu insertion genotypes. 5 5 5 5 5 6
We further tested whether the quality of the starting dataset (in particular sequencing 5 5 7 depth) influenced TypeTE performance. By comparing results on the 1000 GP and 5 5 8 0 genotyping of these loci. We believe that other locus-specific idiosyncrasies prevent the 5 7 1 ability of TypeTE to produce an accurate allele call. For instance, earlier tests on the 5 7 2 pipeline showed that a 1-bp insertion at the end of the element in one allele or a slight 5 7 3 error in the TSD prediction could dramatically affect the re-mapping and genotype 5 7 4 predictions. A specific assessment of the bioinformatic methods aimed to identify TSDs 5 7 5
should be able to improve this issue. Identifying boundaries of Alu insertion in low 5 7 6 complexity (especially A-rich) regions is challenging due to inter-individual differences in 5 7 7 the length of the poly-A tail of the element, and according to our tests, Repeatmasker 5 7 8 often fails to identify the exact boundaries of such reference elements. Even though our 5 7 9 pipeline in principle considers such subtle sequence variation, at least for one locus, we 5 8 0 found that the TSD was overlapping the annotated poly-A region. Implementing 5 8 1 changes to identify similar instances could mitigate genotyping miscalls for those loci. 5 8 2
Additionally, our ability to evaluate the concordance of genotype predictions in low-5 8 3 complexity and highly repetitive regions was restrained to PCR-accessible loci. We 5 8 4
have also noticed that altering the parameters or method for local de novo assembly 5 8 5
improved the assembly of certain TE loci. An automated approach to customize the 5 8 6
assembly parameters for each locus that failed with the standard approach would 5 8 7 enhance the reconstruction of non-reference TE sequences. Identifying proper 5 8 8 orientation of insertions is also crucial in accurately genotyping the insertions and we 5 8 9
are also contemplating a read-based approach to identify the orientation of insertions in 5 9 0 addition to the current assembly-based approach. Collecting more benchmarking data 5 9 1 might allow us to characterize more finely these issues and adapt the pipeline 5 9 2 accordingly. Notwithstanding these peculiar instances, TypeTE has the lowest error rate 5 9 3 of all methods tested and as such it represents a valuable advance in the field. 5 9 4 5 9 5
The task and challenges of pMEI genotyping have been largely overlooked thus far, yet 5 9 6
we show here that inaccurate genotyping of pMEIs can significantly bias population 5 9 7 genetics inferences. It is presumably because of these issues that reference pMEIs 5 9 8
have been entirely ignored in previous population genomics studies using pMEIs (L. 5 9 9
Wang et al. 2016; L. Wang, Norris, and Jordan 2017)). By increasing genotyping 6 0 0 accuracy for both reference and non-reference insertions, TypeTE will enhance future 6 0 1 studies using pMEI as markers or structural variants in the human population. Notably, 6 0 2 our results now offer a dataset of genotyped Alu insertions for 445 samples of the 1000 6 0 3 GP that is complemented by a wealth of functional data including RNA-seq 6 0 4 (ALT), corresponding to the pMEI presence is made by 1-2) removing the predicted 8 3 5
TSD from the +/-500 bps extracted sequence. Then, for each locus, read pairs 8 3 6 (including discordant mates) are extracted from the individual bam files and are pooled 8 3 7
for local assembly (3). If TSDs are identified in the assembly, the sequence is then 8 3 8
inserted onto the flanking (4). In case the assembly is incomplete, the Repbase 8 3 9
consensus for the predicted TE family is inserted instead (4). 
